Credit risk is among the foremost risk factors that banks may encounter. Banking function is rendering credits. In rendering commercial credits based on fraudulent financial statements, credit risk can occur if banks cannot ensure the repayments of credits completely or partially. This case lead to an important problem for banks. The accuracy and reliability of information provided by financial statements are of crucial importance in credit risk management. In this context, main purpose of this study is to make it possible to predict fraud risk in financial statements. By doing so, it is possible prevent credit risk that may emerge in banks. In this study, to predict and determine fraud risk in financial statements, artificial neural network (ANN) methodology is utilized. This research includes commercial and corporate customers of banks. Financial data of 289 firms, belonging to the year of 2007, (97 firms were assumed to have fraudulent financial statements and 192 firms were in control group) was analyzed, and an ANN model is proposal. The proposal model that was developed is highly successful in predicting fraud risk in financial statements with an accuracy ratio of 90%.
Introduction
Fraud is a deception willfully practiced in order to secure unfair or illegal gain (Jackson, 1999, p.163) . Two types of fraud have been reported in the literature. The former is the faulty allocation of assets and the latter is financial statement fraud. (Apostolou et al., 2001, p.49) . The faulty allocation of assets involves crimes such as obvious theft, embezzlement, unjust loading to expense items, abuse of firm assets etc.
On the other hand, financial statement fraud is a kind of crime, which does not include theft in literal terms, but involves the deliberate distortion of financial statements. This type of fraud can be exemplified with sales, pretended sales, the presentation of the subsequent year's profit as belonging to the current year, the inappropriate activation of expenditures, or the presentation of current year's expenditures as belonging to the subsequent year (Braiotta, 2004, pp.112-115) .
The 1999 COSO (Committee of Sponsoring Organizations) report revealed that 90% of detected fraud is based on the manipulation of financial information declared to the public, and 10% of them occur as a result of abuse of assets (Reazee, 2005, p. 282 ).
In the past, a great many financial scandals came up especially concerning fraud conducted by the white-collared. Among these are well-known companies such as Enron, WorldCom, Tyco, Village, Peregrine Systems, Lucent, Martha Stewart, Imclone, Xerox, Parmalat, Barings Bank, BCCI, Rite Aid, Cendant, Sunbeam, Waste Management, Global Crossing, Adelphia Communications. It has been stated that Enron financial loss its creditors, investors, employees and pensioners by 70 billion dollars through financial statement fraud. Similarly the loss that was caused by financial statement fraud in WorldCom has been reported to be the biggest loss in the history of the US. It has also been stated that the financial loss which Enron, WorldCom, Qwest, Tyco and Global Crossing caused in market capitalization by resorting to financial statement fraud was approximately 460 billion dollars (Rezaee, 2005, p. 278) .
The total cost of financial statement fraud for market participants (creditors, investors, employees, pensioners etc.) was over 500 billion dollars in the past (Ugrin ve Odom, 2010, p. 440) . Specifically, participants of money and capital markets place great importance on effective corporate governance which form trust in terms of the quality, accuracy and transparency of financial information. However the scandalous events in the past (Enron, WorldCom etc.) created distrust for audited and published financial statements on the side of market participants and led to suspicion for even externally audited financial statements. Thus, financial statement fraud has come to the fore following these events. And recently the business world, accounting experts, academics and regulators have stated serious warnings about financial statement fraud.
The definition of financial statement fraud has varied among academics, relevant researchers and auditors. In this context, there is no agreed upon definition of the "financial statement fraud" concept. The most important reason for this is that, until recent years, this term is not accurately identified and stated. Accounting experts have preferred the term "delivered mistakes and irregularities".
Financial statement fraud is generally conducted by the management or employees authorized and/or charged by the management. Therefore, Elliott and Willingham (1980) regard financial statement fraud as management fraud. Elliott and Willingham (1980) define financial statement fraud as to damage investors and creditors using misleading financial statements done by the management (Elliott and Willingham, 1980, p. 4) .
Financial statement fraud is done with the purpose of manipulating an organization's accounts. For example, it presents itself as manipulation of income, activation of expenditures, hiding debts that cannot be recovered or doing selective practices in accounting principles in order to give a false impression of the financial position or performance of an entity for a given period (KPMG, 2004) .
Management fraud and financial statement fraud are frequently used interchangeably. Despite differences between the general definition of fraud and the definition financial statement fraud, the common point is that there is a tendency of "deliberateness and damage to other parties" in both. Investors, creditors and auditors are among loss sufferers and these people suffer not only financial loss (position loss, fines etc.) but also prestige loss (Rezaee, 2002, p. 68) . Rezaee (2005) defines financial statement fraud as deliberate attempts by companies to cheat or misguide financial statement users (especially creditors and investors) by arranging manipulated financial statements and releasing them to the public.
Financial statement fraud can be more comprehensive and planned when conducted by some senior executives or auditors who are successful and knowledgeable in this area which possesses the characteristics of deliberateness and fraudulency. Wells (2004) , by analyzing the Enron scandal, which occurred in the USA, categorized those who resort to financial statement fraud as follows:
• Chief Executive Officers(CEO), • Middle and low degree workers (Especially by bribery),
• Organized Offender (Especially by line your own pockets).
While there are various factors that cause the manipulation of financial statements, those who manipulate financial statements can do this using a lot of methods (Madura, 2004, p. 176) . Reazee(2005) reports that 80% of financial statement fraud and financial statement manipulation is done by overstating assets and profits, and 20% of them by understating debts and expenditures. Therefore, Reazee (2005) emphasizes the fact that "earnings management" and "aggressive accounting practices" are important methods used in financial statement fraud (Reazee, 2005, p. 282) . Wells (2004) states that the methods used in financial statement fraud vary in accordance with the size of fraud practices and that there are basically three methods that lead to financial statement fraud: a-Manipulating the Accounting System: In this method those who do financial statement fraud use the accounting system as a developmental tool in line with their demands. For instance, financial information users are cheated by enabling the overstatement of earnings and assets and understatement of debts and expenditures through creative or deceptive accounting practices such as making more or less provision then necessary for doubtful receivables, making too low or too high provisions, showing unrealized sales as realized sales, making fictive sale entries, understating or overstating inventories, not recording borrowings etc.
b-Deformation of the Accounting System:
In this method, those who conduct financial statement fraud manipulate financial information presented with reports by adding false and imaginary information to the results reported in the accounting system. c-Using Means other than the Accounting System: In this method, those who conduct financial statement fraud cheat financial information users by falsifying documents containing accurate financial information supported with the reports of the accounting system or replacing current reports with falsified ones and profit from this. McKee (2005) identifies two basic approaches explaining the purpose of financial statement fraud. The former of these approaches points to the fact that manager's resort to financial statement fraud so as to increase their personal power, status and prosperity. In this approach, managers do financial statement fraud in order to (1) get high incentive bonus, (2) to maintain their efficiency and power in the firm and (3) to get promotion (McKee, 2005, p. 23) .
The second approach indicates that managers do financial statement fraud to overstate the performance of the firm. In this approach, the basic motives that lead to financial statement fraud are the firms' interests rather than personal interests. In this framework, manager's resort to financial statement fraud in order to (1) maximize the firm value, (2) minimize the bankruptcy risk, (3) prove appropriateness for the criteria and conditions in credit contracts and (4) avoid accusations in the auditing done by regulators on the firm (McKee, 2005, p. 23) .
Financial statement fraud both misguides financial information users regarding a firm's real financial situation and operating results and leads to the false and ineffective use of resources by causing loss of investors related to the firm, shareholders and creditors.
In this context, while the most significant result of financial statement fraud has been stated to be the false and ineffective use of economic resources. Kucuksozen and Kucukkocaoglu (2004) list the other results caused by financial statement fraud as follows (Kucuksozen and Kucukkocaoglu, 2004, p. 10 ):
• The decrease in the price of common stocks and the value of firms, • The increase in the cost of loan, • Damage of a lot of creditors and investors, • Distrust of creditors and investors to companies, • The decrease in the number of analysts pursuing firms which resort to financial statement fraud,
• The decrease in accuracy of predictions of analysts regarding firms,
• Corruption roles of monetary and capital markets in the allocation of resources to effective areas,
• Lay-off managers and employees who manipulate financial statement and • The withdrawal of external auditing organizations from external auditing.
Prior Research
Past financial statement fraud cases and loss resulting from these cases have brought about the necessity for early warning systems that enable the detection of financial statement fraud in advance. A lot of models have been developed for the detection of fraudulent financial statements as a result of numerous empirical studies (Nigai et al., 2011; Ravisankar et al., 2011; Humpherys et al., 2011; Zhou and Kapoor, 2011; Perols and Lougee, 2010; Ata and Seyrek, 2009; Kirkos, 2007; Kuçukkocaoglu et al., 2007; Kuçuksozen, 2004; Spathis et al., 2004; Spathis, 2002; Beneish, 1999; Beneish, 1997) and the relative success of these models have been discussed. Beneish (1997) presented a model that will reveal companies with fraudulent financial statements through analyses on companies with extraordinary financial performance. In the study, the author analyzed the financial statements of 64 listed companies whose manipulation of financial statements between the years 1987-1993 through violating accounting standards was detected with the auditing of capital market boards. Beneish (1997) compared the financial ratios of companies which committed financial statement fraud with the financial ratios of companies which did not violate generally accepted accounting standards. Beneish (1997) , in order to detect financial statement fraud, used the variables "Days' sales in receivables index (DSRI)", "Gross profit margin index (GMI)", "Assets quality index (AQI)", "Depreciation index (DI)", "Sales growth index (SGI)", "Sale, general and administrative expenses index (SGAI)" and "Total accruals to total assets (TATA)". In this model, to measure the capacity of companies to resort to financial statement fraud a secondary data set containing the variables "Capital structure", "Prior market performance", "Ownership structure", "Time listed", "Sales growth", "Prior positive accruals decisions" and "Independent auditors" was used. Beneish (1997) summarizes the characteristic properties of companies who conduct financial statement fraud as generally newly founded, with low common stock performance, growing with debt-weighted capital structure, with gradually decreasing account receivable and inventory turnover ratios, and decreasing asset quality and gross profit margin. Beneish (1999) , unlike the 1997 study, used a bigger sample and tested the model on 74 firms who were detected to have conducted financial statement fraud. 2,332 firms who were assumed not to have resorted the financial statement fraud were included in the analyses as the control group.
While in the 1997 study, the control group was sampled among companies with high unexpected accruals; in the 1999 model they were chosen from companies who were assumed not to have conducted financial statement fraud who operate in the same industry as the companies who were assumed to have conducted financial statement fraud. Beneish (1999) used the same model as in their 1997 study. However, Beneish (1999) , altered the independent variables used in 1997 study and subjected the financial data stated below obtained from companies who resorted to financial statement fraud and control group to probit analysis:
• Days' sales in receivables index (DSRI), • Gross profit margin index (GMI), • Assets quality index (AQI), • Depreciation index (DI), • Sale, general and administrative expenses index (SGAI), • Total accruals to total assets (TATA), • Sales growth index (SGI), • Leverage index (LVGI) According to findings of the analyses conducted in the framework of Beneish (1999) , it was found out that an extraordinary increase in accounts receivable, a decrease in gross profit margin, a decrease in asset quality, increase in sales and accruals may be indicative of whether a company has resorted to financial statement fraud.
In the study conducted by Beneish (1999) , the representativeness of the model was stated to be between 31-37 %, whereas its prediction power was assumed to be between 38-56%.
On the other hand Beneish (1999) predicted two errors in the model, which are summarized as follows:
• Error 1: The estimation of companies who resort to financial statement fraud as companies who do not.
• Error 2: The estimation of companies who do not resort to financial statement fraud as companies who do. Spathis (2002) , in the detection of financial statement fraud, founded a logit model by using logistic regression analysis. In this study, 76 companies who are quoted in Athens Stock Exchange and operate in real sector were taken as the sample. Banks, insurance companies and other companies who operate in the financial sector were excluded. Spathis (2002) used 4 parameters in the detection of companies with fraudulent financial statements:
• An opinion in external auditing reports regarding serious doubts of accounting fraud • A detection of serious findings by relevant authorities of tax evasion by the company • The placement of company common stocks in watch list companies market by the Capital Markets Board (CMB) or cancelation of company common stocks,
• The detection by court of violation of laws by the company.
In this framework, Spathis (2002) sampled 38 companies as firms who conducted financial statement fraud and included them in the model. Besides these companies who were assumed to have conducted financial statement fraud 38 other companies listed in Athens Stock Exchange who were assumed not to have conducted it were taken as the control group. In this study, 17 variables were chosen as potential risk indicators from the studies of Green and Choi (1997) , Hoffman (1997), Hollman and Patton (1997), Zimbelman (1997) , Beneish (1997) , Beasley (1996 ), Bologna et al. (1996 , Arens and Loebbecke (1994) , Bell et al. (1993) , Schilit (1993) , Davia et al. (1992) , Stice (1991) , Loebbecke et al. (1989) , Palmrose (1987) and Albrecht and Romney (1986) in order to identify companies who conducted financial statement fraud. However, Spathis (2002) reduced the number of variables to 10 by eliminating financial ratios with high correlation among these variables. In this framework, Spathis (2002) identified the variables to be used in the detection of companies resorting to financial statement fraud as follows: (1) Debt/Equity (D/E), (2) Total Sales/Total Assets (Sales/TA), (3) Net Profit/Sales (NP/Sales), (4) Receivables/Sales (Rec/Sales), (5) Net Profit/Total Assets (NP/TA), (6) Working Capital/Total Assets (WC/TA), (7) Gross Profit/Total Assets (GP/TA), (8) Inventory/Total Assets (INV/TA), (9) Total Debt/Total Assets (TD/TA), (10) Altman Z-score. Spathis (2002) analyzed the 2000 data of the companies resorting to fraud and control companies to be able to detect financial statement fraud and formed the following model: FFS = b0 + b1(D/E) + b2(Sales/TA) + b3(NP/Sales) + b4(Rec/Sales) + b5(NP/TA) +b6(WC/TA) + b7(GP/TA) + b8(INV/Sales) + b9(TD/TA) + b10 (Altman Z-score) Spathis (2002) , as a result of the analyses, found out statistically significant relationship between financial statement fraud and the following three variables (p<.01):
(1) Inventory/Total Assets (INV/TA), (2) Total Debt/Total Assets (TD/TA), (3) Altman Z-score. Kirkos et al. (2007) used the artificial neural network technology in the detection of financial statement fraud and used the sample and data set utilized by Spathis (2002) . In this study, after the first learning took place and one of the alternative designs was tested, a typology involving five hidden nodes for each hidden layer was chosen. The chosen network was structured by the repeated testing of the training set and its application to the whole sample. In this research, the success of the structured model in accurate classification of companies who were assumed to have fraudulent financial statements was measured to be 100%. Nevertheless, the relative power of the values which were going to be used as input in one neuron could not be estimated, because the software used by Kirkos et al. (1997) could not calculated the synaptic weight of the connection between neurons. Ravisankar et al. (2011) comparatively analyzed the predictive success in the detection of financial statement fraud of data mining techniques used in the detection of financial statement fraud risk. Ravisankar et al. (2011) analyzed the financial statements of 202 industrial companies listed in the Chinese Stock Exchange. In this study, 101 companies who received adverse or qualified opinions in the audits done by external auditors were chosen as firms with fraudulent financial statements, whereas the other 101 companies who were assumed not to have conducted financial statement fraud were specified as the control group. Ravisankar et al. (2011) initially determined 38 financial ratios in order to identify companies with fraudulent financial statement and subjected these 38 financial ratios to T-tests by extracting the data from the financial statements of the 202 companies. According to the results of the T-tests, 18 financial ratios presented statistically significance differences in the detection of financial statement fraud and these variables were taken as independent variables and analyzed for the estimation of the fraud risk in financial statements: (1) Net Profit, (2) Gross Profit, (3) Sales, (4) Sales/Total Assets, (5) Gross Profit/Total Assets, (6) Net Profit/Total Assets, (7) Inventory/Total Assets, (8) Inventory/Short Term Debt, (9) Net Profit/Sales, (10) Sales/Fixed Assets, (11) Operating Profit/Closing Year Operating Profit, (12) Sales/Closing Year Sales, (13) Fixed Assets/Total Assets, (14) Current Assets/Short Term Debt, (15) Equity/Total Debt, (16) Long Term Debt/Equity, (17) Cash Ratio, (18) Inventory/Sales. Ravisankar et al. (2011) , calculating these 18 variables for the 202 companies, comparatively analyzed the predictive success in the detection of financial statement fraud risk of the neural networks, genetic algorithms and logistic regression models which used these variables. According to the result of analyses the most successful model was the ANN model with 96% accurate classification, followed by genetic algorithms with 93% accurate classification. Ngai et al. (2011) demonstrated that models with multiple variables such as ANN, logistic regression, bayes and decision tree are commonly used in the detection of financial statement fraud, having analyzed studies in the literature in terms of their chronology, methodology, content and objectives.
In Turkey, Kucukkocaoglu et al. (2007) , attempted to distinguish companies who did and did not resorted to financial statement fraud using artificial neural network model. In the study, the variables used in the studies of Beneish (1997 Beneish ( -1999 ) were adopted and the power of the model was tested using ANN model. As a result of this study the predictive power of the model in the detection of financial statement fraud was determined to be 86.17% and the probability of inaccurate classification to be 13.82%.
Moreover, it was stated in the study that the ANN model could be used to predict the future states of the companies entering the model, when the variables that can be used in the detection of financial statement fraud are known.
Research Methodology
One of the significant problems creditor companies face is how to prevent the use of credits based on fraudulent financial statements that cause bad loans. This study was conducted towards the solution of this problem. Therefore, the main purpose of the study is to prevent credit use based on fraudulent financial statement by developing a model that can predict fraud risk in financial statements and prevent the credit risk for banks.
One of the primary and maybe the most important issues that banks deal with due to their activities is the prevention of bad loans. According to the date provided by the Banks Association of Turkey, the provision for non-performing loans of the banks operating in Turkey for the year 2013 is $13.9 billion and corporate/commercial loans had the biggest increase among non-performing loans in 2013 with a rise of $1.03 billion (BDDK, 2013, p. 29) .
Especially countries with a low propensity to save force the effective and efficient use of current savings by the real sector through the banks. This model study which forecasts and values the fraud risk in financial statements during the assessment of commercial loan demands is of great significance in terms of the effective and efficient use of current saving through banks, since it prevents credit use based on fraudulent financial statements.
One of the significant problems of banks is bad loans formed as a result of credit use based on fraudulent financial statement. Therefore, this study bears great importance in terms of presenting a very important projection for the solution of this problem.
A number of studies on companies which are listed stock exchange are present in the literature regarding the detection of fraudulent financial statements. When relevant studies (Nigai et al., 2011; Ravisankar et al., 2011; Humpherys et al., 2011; Zhou and Kapoor, 2011; Perols and Lougee, 2010; Ata and Seyrek, 2009; Kirkos, 2007; Kuçukkocaoglu et al., 2007; Kucuksozen and Kucukkocaoglu, 2004; Spathis, 2004; Spathis, 2002; Beneish, 1999; Beneish, 1997) in the literature are examined, it has been observed that almost all the studies involve models developed for the prevention of manipulations towards common stock investments.
However, this study is significantly different from the literature in that the sample was chosen from not listed stock exchange commercial and corporate companies which are clients to banks, that the study targets the banking sector, and that the model developed in the framework of the study aims to detect manipulations conducted against creditor institutions.
The current study that was conducted for the identification of fraud risk in financial statements also has some limitations. First, the financial data of not listed stock exchange manufacturing firms that used credit from a bank have established while generating this model. Therefore, this model cannot produce accurate results in terms of fraud risk detection in financial statements of the listed stock exchange companies and sectors except manufacturing industry.
In this study, the sample is formed of corporate and commercial firms whose sales exceed 10 million TL and who are clients to banks. Therefore, as regards scale, the study may not present successful results for micro and small size companies whose sales are below 10 million TL.
Another limitation of the study is the assumption that no inaccurate credit scoring has been carried out based on staff error, inadequate information or other reasons in the internal credit scoring realized by expert staff. Therefore, the presence of companies with an inaccurate credit scoring caused by staff in the sample may lead to the production of inaccurate results by the model developed in the framework of the study.
In the framework of the study "companies whose internal credit scoring is rather credible but whose credit loans have been transferred to bad loan account because they could not fulfill their financial obligations in time, thereby being exposed to legal proceedings due to their credit loans" were assumed to be companies with financial statement fraud. However, no analysis or assessment could be conducted about whether the companies classified into the manipulator and control groups actually did or did not resorted to financial statement fraud. Therefore, in the context of the present study there may be some companies whose financial statements are accurate but who could not fulfill their credit obligations because of bank policy, problems cause of sectorial and economic conjuncture, new legal regulations towards the operating sector of the company etc. among the companies who were assumed to have fraudulent financial statements. On the contrary, there may also be some companies who do not experience any problems paying their loans back based on some variables independent of financial statements (that stockholders of the company have liquid assets which are not reflected in their financial data, that the manipulation is done for tax-related purposes etc.), although actually they resorted to financial statement fraud. Even though the companies in this context have been considered as Type-1 and Type-2 errors in the framework of the model the success of the model will be adversely affected by the excessively white size of the sample.
Commercial and corporate clients who used commercial credits from banks make up the scope of the study. In this context, ANN methodology has been utilized for the purpose of detecting whether the aforementioned companies have conducted financial information manipulation. ANN is an information-processing system involving some performance futures similar to an inspired by biological neural network (Fausett, 1994, p. 3) .
ANN is an information-processing methodology inspired by the information processing technology of the human brain.
Figure 1:
The structure of biological neurons Figure 1 shows structure of biological neurons. Four important parts called axon, dendrite, synapses and soma connect two neurons together (Raol and Mankame, 1996, p. 48) Ø Axon: It is the projection that senses the cell output. A single cell has one axon projection and a number of synaptic connections extended from this projection. Ø Dendrites: They are the projection of a neuron that resemble tree roots and provide input to the cell. Ø Synapse: They are specialized connection points of axons which end on other neurons or end on their dendrites. These connection points enable the transfer of the electrical message in the axon to the other cells. Ø Soma: The body of a neuron is called the soma. The soma involves the cell nucleus and performs functions to enable the survival of the cell.
ANN is likened to a simple biological neural system in its operation. Structured neural cells involve neurons and these neurons form the network by connecting to each other in various ways. These networks are capable of storing in the memory and revealing the relationship between pieces of data (Rud, 2001, p. 16) .
Learning in biological systems occurs with the adjustment of synaptic links between neurons that is; human beings enter the process of learning by experience beginning with their birth. In this process, the brain constantly develops synaptic links are adjusted with experience and even new links can be formed. Learning takes place as a result of this. This process displays a similar progression in ANNs.
Therefore, ANN is an artificial intelligence technology that is used in applications where there are multiple variables in interaction with each other and which gives successful results in situations where there is mutual interaction (Raol and Mankame, 1996, pp. 48-52) .
In the structure of an ANN, there are three layers: namely the input layer accommodating interconnected neurons, the output layer and the hidden layer (Chen and Du, 2009, p. 4076):
ü The input layer is the first layer enabling the reception of external signals into the ANN. These signals are taken into consideration as independent variables in statistical analyses. ü The hidden layer that is the second layer is the one which transfers the signals taken from the input layer to the output layer and which does not have any links to the external environment. ü The output layer that is the last layer enables the transfer of the data to outside.
Output variables are used as dependent variables in statistics. Figure 2 shows model of an artificial neuron. One of the most important factors in ANN is the links, which enable data transfer between neurons. A link that transfers data from a (i) neuron to a (j) neuron also has a weight value (w ji ). Weight shows the relative power of values that are to be used as input in a neuron. All links in ANN have varying weight values (Kirkos et al., 2007 (Kirkos et al., , pp. 995-1003 . The sum function that affects the structure of an ANN is the function that calculates the net input entering the neuron, which is formalized as follows (Clarence, 1997, pp. 28-31):
(1)
In this function; X: Inputs, W: Weights, O: Sum of weights.
The activation (transfer) function that has a role in the structure of an ANN is the function that transforms the data added by weighing to output. While there are some types of this function, the most commonly used sigmoid activation function is formalized as follows:
(2)
In this function;
: the normalized form of x values x : the input value.
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The reason why the sigmoid activation function is commonly used is that this function can produce balanced output in the modeling of both linear and non-linear functions.
After the activation function is calculated, learning takes place; in this respect he activation function helps the formation of output values normalized between 0 and 1.
The most important determinant of ANN architecture to be used in the solution of a problem is the learning algorithm and the training and learning of ANN are realized with these algorithms. Learning algorithms enables that the ANN can perform the desired behavior and produce the desired output.
For the ANN, which is fed by certain input to produce the desired output, the weights of the links in the structure of the network can be altered and weight values that will enable the production of output can be determined. For the selected algorithm to perform this task sample input is needed. Iteration is performed until the selected learning algorithm produces the desired output and learning takes place when the desired output is produced. Therefore, the main function of learning algorithms is to make adjustment on the weights of an ANN for the production of the desired output (Raol and Mankame, 1996, pp. 51-52) .
The main reason why the ANN model is used the current study is that this model was relatively more successful compared to other models in the empirical studies conducted in this field (Ngai et al., 2011; Ravisankar et al., 2011; Yıldız and Akkoc, 2009; Kirkos et al., 2007; Kucukkocaoglu et al., 2007) .
The variables used in the Beneish (1999) model are adopted as variables in the prediction and assessment of fraud risk in financial statement. There are two basic reasons why the Beneish (1999) model in this study:
• The Beneish (1999) model, unlike the other models, included as independent variables some ratios derived from financial statements and assumed to be indicators of financial information manipulation together with changes occurring in several years in financial statement items formed only with accrual basis. • Biannual financial statement data are adequate in the formation of the Beneish (1999) model. Therefore, financial statement data of companies for a prolong period are not needed in this model.
In this study, 289 commercial and corporate companies who operate in the real sector and who withdrew commercial credits from banks have been chosen as the sample. In this framework, companies who operate in sectors outside the real sector such as commerce, services, construction and contracting, and finance as well as companies who had sales below 10 million TL were excluded from the research.
In the formation of the research model, the 2007 financial data of the companies have been taken into account. The basic reason for this is that 2007 was not directly influenced by the financial crises of 2000, 2001, 2008 and 2009 in Turkey. In other words, 2007 was a relatively more consistent year. 97 of companies in the context of the research were assumed to have conducted financial statement fraud, and 192 of them were detected not to have done so.
The distinction between companies who did and did not resort to financial statement fraud was based on the following assumption.
• Companies whose internal credit scoring is rather credible but whose credit loans have been transferred to bad loan account because they could not fulfill their financial obligations in time, thereby being exposed to legal proceedings due to their credit loans (manipulator-1) • On the contrary, companies whose internal credit scoring is rather credible and who did not have any problems in the repayments of credits were considered to have financial statements with no element of frauds (Control group which is not a manipulator-0).
Of the companies who were assumed not to have resorted to financial statement fraud, there may be some companies who did not have any problems in credit repayment despite financial information manipulation, but were actually manipulator companies. Besides, this condition, as with any model, was taken to be a Type I error in this study.
In addition, of the companies who were assumed to have resorted to financial statement fraud, there may be some companies who did not actually manipulate on financial information but had some issues in credit repayment. This condition was taken to be a Type II error in this study.
The independent variables in this study are basically the same as those in Beneish (1999) . However, in these study two variables that yielded significant findings in Kucuksozen and Kucukkocaoglu (2004) , namely "Inventories to Sales Ratio" and "Financing Expenses to Sales Ratio", were added as independent variables and the number of independent variables was increased to 10. Kucuksozen and Kucukkocaoglu (2004) based the addition of the variables "Inventories to Sales Ratio" and "Financing Expenses to Sales Ratio" which did not exist in Beneish (1999) into the model on the practices of financial statement fraud. Kucuksozen and Kucukkocaoglu (2004) stated that in the examples regarding financial statement fraud in Turkey, practices such as:
• The activation of financing expenses by adding them to inventories, tangible assets, financial assets or other assets instead of recording them in income statement as current year expenses, • The reflection of general manufacturing expenses into the cost of goods sold or inventories inaccurately based on the intention of the company administration to reveal the profit as lower or higher than it actually is, • The application and/or adaptation of valuation methods of inventory (LIFO, FIFO, Average Cost) again based on the intention of the administration are quite common and that the variables "Inventories to Sales Ratio" and "Financing Expenses to Sales Ratio" can be really significant in the detection of fraud risk in financial statements and thus integrated into the model.
In this framework, the independent variables used in the study are stated as: (1) Days' sales in receivables index (DSRI), (2) Gross profit margin index (GMI), (3) Assets quality index (AQI), (4) Depreciation index (DI), (5) Sale, general and administrative expenses index (SGAI), (6) Total accruals to total assets (TATA), (7) Sales growth index (SGI), (8) Leverage index (LVGI), (9) Financing expenses to sales ratio (FES), (10) Inventories to sales ratio (IS).
The calculation methods for the 10 independent variables in this empirical study are presented in the appendices.
Planning of the Research and ANN Architecture
The following research plan was used in this empirical study:
• First of all, the above-mentioned variables to be used in the detection of financial statement fraud risk have been calculated using the 2007 financial data for each company. Those companies in the analyses whose financial statement were assumed to be fraudulent were categorized as "1" and those with no sign of fraud were classified as "0". The obtained categorical variable group was included in the analysis as the target variable. • Secondly, the data set was loaded into the package software named "Alyuda Neuro Intelligence 2.2" and normalized between 0 and 1. • Thirdly, the ANN architecture to be used in the analysis was decided and the ANN model was determined. In the study, there is an input layer consisting of 10 neurons and an output layer distinguishing between fraudulent and nonfraudulent financial statements. In addition, a hidden layer was formed consisting of 15 neurons with the lowest mean of absolute error squares for train, validation and test data sets. In this framework, an ANN model with 10 inputs, a hidden layer containing 15 neurons and an output layer (10-15-1). In the study, the data from 68% (197) of 289 companies were determined as the train set, 16% (46) as the validation set, and 16% (46) as the test set. Table 2 shows that "Logistic" was used as both input and output activation functions and "Sum-of-squares" was used as the output error function.
• Fourthly, the training of the network was conducted in the framework of the defined ANN architecture. "Quick Propagation" was chosen as the training algorithm since the network structure in which the "Quick Propagation" algorithm was used as the training algorithm yielded good results. Afterwards 5,000 iterations were done for the training of the network. In the mentioned algorithm, the learning ratio was taken to be 0.1 and reiterated to decrease error.
• Fifthly, the success of the model in predicting fraud risk in financial statements was determined by comparing the findings produced by the trained ANN architecture and real findings.
Research Findings
In this part of the study, some financial properties of the companies in the scope of the research were presented with respect to manipulator companies and control group companies separately.
Secondly, after comparatively analyzing the distribution of the independent variables with respect to manipulator companies and control group companies, whether these variables create any difference between groups was determined.
Thirdly, the success of the ANN model (10-15-1) developed in the framework of the research plan presented above in predicting fraudulent financial statements was presented.
The properties of manipulator and control group companies concerning some financial indicators are presented in Table 3 . When Table 3 is analyzed, it is observed that, as opposed to control group companies the companies who were assumed to have conducted financial statement fraud have: (1) smaller net assets, (2) lower, or even negative, working capital, (3) high leverage ratio and therefore more debts, (4) more rapidly growing sales, (5) bad loans, (6) and lower equity profitability.
In Table 4 , it has been shown whether the independent variables used in the analysis created a significant difference between manipulator and control group companies with a t-test. 
Levene' s Test T--Test
When Table 4 is analyzed we observe an obvious difference between manipulator and control companies in terms of DI and TATA. Therefore we can state that this variable is significantly effective in the prediction of fraud risk in financial statement fraud (p<.05). The SGAI variable is also significantly influential in the detection of fraud risk (p<.10). Table 4 are evaluated in terms of DI, similar to findings of Beneish (1999) , it is observed that the manipulator companies resorted to financial statement fraud using depreciations in comparison with control companies.
When the findings in
In terms of TATA, the findings reveal that manipulator companies, in contrast with control group companies, conducted financial statement fraud by either increasing their income via accruals or decreasing expenses. This finding is parallel to Beneish (1999) findings.
When the findings in the table are analyzed, parallel to Beneish (1999) , in terms of SGAI variable changes in marketing, sales-distribution and general management expenses produced a significant difference between manipulator and control group companies regarding whether they have resorted to financial statement fraud.
As opposed to these findings, no significant difference between manipulator and control group companies was detected in terms of DSRI, GMI, AQI, LVGI, FES, IS and SGI.
The success of the ANN model with 10 input, 15 neurons, 1 hidden layer and 1 output layer (10-15-1) in predicting fraud risk in financial statements as a result of analyses of properties of manipulator and control group companies regarding independent variables are presented in the following tables. Table 5 is analyzed the correct classification ratio (CCR) of the train set for the developed ANN model was found to be 94%. That is, the developed ANN model could correctly predict 62 (90%) of 69 fraudulent financial statements within the train set and 123 (96%) of 128 financial statements without fraud findings. When the table is analyzed it can be seen that the CCR for the validation set is 83%. This means that the ANN model could successfully predict 10 (72%) of 14 fraudulent financial statements in the validation set and 28 (88%) of 32 financial statements without fraud findings. When the table is analyzed it can be seen that the CCR for the test set is 83%. This means that the ANN model could successfully predict 11 (79%) of 14 fraudulent financial statements in the test set and 27 (84%) of 32 financial statements without fraud findings. When the table is analyzed it can be seen that the CCR for the whole set is 90%. This means that the ANN model could successfully predict 83 (86%) of 97 fraudulent financial statements in the whole set and 178 (93%) of 192 financial statements without fraud findings.
To summarize the results presented by the model, the CCR of the detection of financial statement fraud of a new company data in the developed model (10-15-1) can be stated to be 90%.
Conclusions
In the management of risks overtaken by banks, the accuracy, reliability and quality of information produced in banks gain importance and important investments are made in banks to increase the accuracy, reliability and quality of information generated during the process of loan decision. Especially in the evaluation of commercial loan demands, the primary information sources that banks resort to are financial statements and reports produced within the accounting system by firms.
The financial statements and reports produced in the accounting system can be manipulated to serve personal and corporate purposes by some optional arrangements. The manipulations of financial statements in this manner can cause damage for investors on one hand, employees, creditor companies and public on the other.
On the side of banks, the manipulation of the financial statements and reports of companies who are bank clients due to the fact that these statements and reports cannot truly reflect their financial situations and operational results can cause, on one hand, damage for banks who give loans based on these financial statements and, on the other hand, the ineffective use of limited savings, therefore the occurrence of alternative cost.
As can be seen from some scandalous events experienced in the past, banks suffered billions of dollars of damage because of loans given to companies with fraudulent financial statements. Stakeholders in money and capital markets attached a great importance to effective corporate governance which ensure the quality, accuracy and transparency of financial information; however the scandalous events in the past created distrust in financial statements published after auditing on the side of market stakeholders and caused suspicion even for externally audited financial statements.
As a matter of fact, financial statement fraud has come to be hotly debated following these events and recently business world, accounting experts, academics and market makers stipulated serious warnings about financial statement fraud.
The financial statement fraud related events in the past and damages resulting from these events have aroused necessity for early warning systems which will enable the detection financial statement fraud before they happen and various models have been developed towards the prediction of financial statement fraud (Nigai et al., 2011; Ravisankar et al., 2011; Humpherys et al., 2011; Zhou and Kapoor, 2011; Perols and Lougee, 2010; Ata and Seyrek, 2009; Kirkos, 2007; Kucukkocaoglu et al., 2007; Kucuksozen and Kucukkocaoglu, 2004; Spathis, 2004; Spathis, 2002; Beneish, 1999; Beneish, 1997 ).
In the current study, to develop an ANN model which can foresee and assess fraud risk in financial statements in order to detect fraud risk in financial statements during the evaluation of loans and thereby preventing or decreasing loan risk.
There are a number of studies in the literature conducted on companies which are listed stock exchange towards the prediction of fraudulent financial statements. A vast majority of these studies focus on the prevention of manipulation towards common stock investments.
Nevertheless, the current study is of great difference since the sample of the study was chosen from commercial and corporate bank clients; the analysis was directed at the banking sector; and the model developed in the framework of the study aims to detect manipulations against creditor companies.
In the study, the primary reason for the utilization for the ANN model is that this model created more successful results when compared to other models (logit, probit, UTADIS, decision tree, Bayes etc.) in empirical studies (Ngai et al., 2011; Ravisankar et al., 2011; Yıldız and Akkoc, 2009; Kirkos et al., 2007; Kucukkocaoglu et al., 2007) conducted in this field. 10 different variables adopted from Beneish (1999) and Kucuksozen and Kucukkocaoglu (2004) were used to detect financial statement fraud risk. 289 firms who are bank clients were analyzed in the scope of research. 97 of these firms were assumed to have fraudulent financial statements in 2007 fiscal year since they had problems in the repayment of loans. 192 of these firms were chosen as the control group since they had no problems in the repayment of loans in the year 2007. As a result of the statistical analysis, it has been understood that companies with fraudulent financial statements have some features in common. These firms have small net assets, low or even negative operational capital, high leverage ratio, rapidly growing sales, low equity profitability and bad loans. These findings are in line with those of Beneish (1997) , Beneish (1999) and Kucuksozen and Kucukkocaoglu (2004) .
In manipulation towards banks, total accruals/total assets (TATA) index and depreciation index (DI) variables have yielded significant differences in the detection of fraudulent financial statements. This finding is partially consistent with the literature. Some other variables which demonstrated significant differences in the detection of fraudulent financial statements are accounts receivables turnover ratio, growth in receivables and growth in sales (Perols and Lougee, 2010); leverage ratio and return on assets (Ata and Seyrek, 2009 ); Altman z score, total debts/total equity ratio, net profit/total assets, total sales/total assets, working capital/total assets and EBIT (Kirkos et al., 2007) ; receivables index, gross profit margin index, depreciation index, financing expenses/sales, quality of assets index and inventory/sales (Kucuksozen and Kucukkocaoglu, 2004) ; total debts/total assets, inventory/sales, net profit/net sales and inventory/total assets (Spathis et al., 2004) ; net profit/total assets and financing expenses/operating expenses (Kucuksozen and Kucukkocaoglu, 2004) ; inventory/sales, total debts/total assets and Altman z score (Spathis, 2002) .
Therefore based on both the findings in the literature and the results obtained from the current study, there is no generally accepted variable set to be used in the detection of fraudulent financial statements.
The reason of the wide variety of variables used in the detection of fraudulent financial statements is that the target and aims of the manipulation differs from company to company and sector to sector.
It has been decided that the ANN model developed in order to forecast and assess fraud in financial statements has good performance and consistent structure. As a matter of fact, the ANN model developed in the framework of the current study has successfully predicted fraud risk in 261 of 289 companies sampled for the study and achieved a success rate of 90%. Therefore the developed ANN model can be considered to have high prediction power. This finding obtained from the current study presents fairly similar results to the other empirical studies in the literature using ANN models. To illustrate, Ravisankar et al. (2011 ), Kirkos et al. (2007 and Kucukkocaoglu et al. (2007) predicted fraudulent financial statements with rates of 96%, 100% and 86% respectively.
In the light of the discussion, to provide the following suggestion for bank authorities to be used in the assessment of commercial and corporate loan demands:
ü Banks make their loan decisions by quantitatively analyzing the financial statements of companies as they are or following limited "debugging operation" based on limited information. However no precautions are taken against fraud risk in financial statements, thereby causing bad loans. For this reason, the ANN model can provide an effective solution for the prevention of commercial and corporate loans based on fraudulent financial statements. ü In countries where there is a high rate of off-the-record operations, it is extremely difficult to make healthy loan decisions based on financial statements. The fiscal information obtained from companies who are highly engaged in offthe-record operations mostly consist of fiscal data manipulated based on off-therecord operations. Therefore, banks can used the ANN model also to detect companies with a high rate of off-the-record operations. ü Banks are institutions who have strong databases because of investments done in information processing technologies. Therefore, the ANN model can be an efficient method to be used in the prediction of fraud risk in financial statement via interfaces and software which will be added on to their credit scoring modules.
ü Banks will be able to predict fraud risk in financial statements using the developed ANN model and used the findings presented by the model in their loan decisions. In other words, this model will help the bank authorities in their decision not to give loans to a company with fraudulent financial statement and prevent any future loan risk. Banks can also use the developed ANN model in decisions related to the limit due date and price of loans. ü If the ANN model reflects fraud findings in the financial statements of a company, the decision makers for loans in a bank can take this finding into consideration and decide not to give loans to that company. If there are slight indications that there is fraud in the financial statements of the company, the decision makers in the bank can offer low limits, short due dates and high prices for the loans. ü Therefore the developed ANN model will discipline financial statements of companies by ensuring the consideration of fraud risk in financial statements by banks in their loan decisions. ü On the side of banks, the developed ANN model will create a more reliable and accurate lending process by highlighting fraud risk in financial statements for loan decisions.
The following suggestion is provided for commercial and corporate companies who are bank clients:
Ø Companies should discipline their financial statements in order to be able to acquire loans from banks with high limits, long due dates and low prices and avoid practices that may lead to manipulations in financial statements.
The following are suggestions for further research based on the findings of the current study:
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